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 ABSTRACT 
 Trait uniformity, or micro-environmental sensitivity, 
may be studied through individual differences in resid-
ual variance. These differences appear to be heritable, 
and the need exists, therefore, to fit models to predict 
breeding values explaining differences in residual vari-
ance. The aim of this paper is to estimate breeding 
values for micro-environmental sensitivity (vEBV) in 
milk yield and somatic cell score, and their associated 
variance components, on a large dairy cattle data set 
having more than 1.6 million records. Estimation of 
variance components, ordinary breeding values, and 
vEBV was performed using standard variance com-
ponent estimation software (ASReml), applying the 
methodology for double hierarchical generalized linear 
models. Estimation using ASReml took less than 7 d 
on a Linux server. The genetic standard deviations for 
residual variance were 0.21 and 0.22 for somatic cell 
score and milk yield, respectively, which indicate mod-
erate genetic variance for residual variance and imply 
that a standard deviation change in vEBV for one of 
these traits would alter the residual variance by 20%. 
This study shows that estimation of variance compo-
nents, estimated breeding values and vEBV, is feasible 
for large dairy cattle data sets using standard variance 
component estimation software. The possibility to se-
lect for uniformity in Holstein dairy cattle based on 
these estimates is discussed. 
 Key words:   dairy cattle ,  genetic heterogeneity ,  milk 
yield ,  somatic cell score 
 INTRODUCTION 
 Differences between animals in uniformity for a 
certain trait may be described in terms of differences 
in residual variance. For example, for some sires, con-
siderable variation in performance exists within their 
daughter group, whereas offspring of other sires show 
relatively little variation. Models for micro-environ-
mental sensitivity include breeding values explaining 
differences in residual variance (also referred to as ge-
netic heterogeneity of residual variance), and selection 
for increased uniformity can be performed by selecting 
animals based on these breeding values. Estimates of 
such variance-controlling breeding values are referred 
to as vEBV (analogous to the term vQTL proposed by 
Rönnegård and Valdar (2011, 2012; i.e., loci controlling 
residual variance). 
 Selecting on vEBV is important for situations in 
which it is economically important to have low variation 
between individuals, to have trait values near a certain 
optimum, or when individual trait values run the risk of 
transgressing a certain (unfavorable) threshold (Mulder 
et al., 2008). Furthermore, substantial levels of genetic 
variation for residual variance have been detected in 
studies from a wide range of animal species with a 
genetic coefficient of variation around 20% or above 
(Hill and Mulder, 2010). This implies that a standard 
deviation change in vEBV for one of these traits would 
alter the residual variance by 20% or more. 
 The review of Hill and Mulder (2010) does not report 
any results for dairy cattle, and even though large dif-
ferences between sires for daughter group variances for 
milk yield in Holstein were recognized by Van Vleck 
(1968) and Clay et al. (1979), the genetic control of these 
differences has so far not been investigated. Despite the 
recognized importance of this question, there are strong 
computational limitations to estimating the vEBV and 
their associated variance components on large-scale 
dairy cattle data. Bayesian models have been proposed 
where the model fitting uses Markov chain Monte Carlo 
(MCMC) methods, but to date, these have only been 
applied on data sets including at most 10,000 observa-
tions (e.g., Sorensen and Waagepeterson, 2003). 
 A fast alternative method that has been applied on 
data from rabbits (Garreau et al., 2008), mice (Gutiér-
rez et al., 2006), chicken (Mulder et al., 2009), and 
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beef cattle (Neves et al., 2011, 2012) is to fit an ani-
mal model and subsequently use the squared residuals 
as response in a second animal model. However, this 
method does not account for the uncertainty in the 
estimated residuals and therefore gives biased estimates 
of variance components because the expected variance 
of estimated residuals is smaller than the true residual 
variance.
Another method, combining speed and unbiased 
estimation and based on hierarchical generalized lin-
ear models (Lee and Nelder, 1996), was presented by 
Rönnegård et al. (2010). They showed that a model 
for genetic heterogeneity can be described as a double 
hierarchical generalized linear model (DHGLM; Lee 
and Nelder, 2006) and that it can be fitted using stan-
dard variance component estimation programs, such as 
ASReml (Gilmour et al., 2009).
The aim of the current study was to estimate breed-
ing values for environmental sensitivity (vEBV) in milk 
yield and SCS, and their associated variance compo-
nents, on a large dairy cattle data set having more than 
1.6 million records. To our knowledge, this is the first 
study to estimate vEBV in dairy cattle. Based on the 
vEBV, the possibility to select for uniformity in Hol-
stein dairy cattle is discussed.
MATERIALS AND METHODS
Data Description
Data included 1.6 million test-day records on SCS 
and milk yield for nearly 180,000 Swedish Holstein cows 
(Table 1, Figure 1). Data included information from 
first lactation only, and each cow had on average 9.5 
recorded test-days. The number of sires having daugh-
ter records was 762. Pedigree was traced back such that 
sires of all cows with records had at least 2 generations 
of male ancestors known. A standard logarithmic trans-
formation of SCC were used to produce the trait values 
for SCS [SCS = log2 (SCC/100,000) + 3].
Statistical Model
The fitted model consists of 2 parts, the mean and 
the residual variance. The model describing the mean 
includes the response variable y (either SCS or milk 
yield), fixed effects β, a random animal effect a, and a 
random permanent environmental effect p:
y = Xβ + Za + Wp + e,
where X, Z, and W are design matrices for the fixed 
and random effects. The animal effects are a N a~ , ,0
2Aσ( )  
Table 1. Description of the Swedish Holstein data 
Item Data
No. of records 1,693,154
No. of animals 177,411
Years studied 2002–2009
No. of herds 1,759
No. of herd-testdays 21,570
Mean age at calving (d) 838
Somatic cell score  
 Mean 2.36
 Median 2.05
 Variance 2.8
Milk yield (L/d)  
 Mean 29.13
 Median 29.20
 Variance 45.5
Figure 1. Histograms for the studied traits somatic cell scores and 
milk yield (L/d).
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where A is the additive relationship matrix, and the 
permanent environmental effects are p N p~ , ,0
2Iσ( )  
where I is the identity matrix.
The residuals e were assumed to be independently 
normally distributed but with different variances for 
each observation. The model for the residual variance is
V(e) = exp(Xvβv + Zav +Wpv),
where βv are the fixed effects in the model for the re-
sidual variance including the intercept term μv, and av 
and pv are the animal and permanent environmental 
effects, respectively, in the model for the residual vari-
ance. We assume a Nv av~ ,0
2Aσ( ) and p Nv pv~ , .0 2Iσ( )  In 
the current paper, we compute the breeding values for 
the mean ˆa (EBV) and the residual variance ˆav (vEBV), 
assuming no specific dependency between a and av [i.e., 
cov(a, av) = 0]. Following the modeling by Sorensen 
and Waagepeterson (2003), it is also assumed that 
cov(p, pv) = 0. Because there are repeated measure-
ments within lactation, the vEBV will capture inherited 
differences in the variation of phenotypic values around 
the fitted lactation curve in the mean part of the 
model (as illustrated in Figure 2).
The method of interlinked generalized linear models 
to fit DHGLM by Rönnegård et al. (2010) was used for 
estimation of variance components and breeding values. 
The estimation method iterates between several rounds 
of linear and generalized linear mixed models in AS-
Reml (Gilmour et al., 2009) by fitting a weighted linear 
animal model for the mean part and fitting the ad-
justed squared residuals from the mean model using a 
generalized linear animal model (with gamma distribu-
tion and log link function as in Rönnegård et al., 2010) 
for the residual variance part. Predicted observations 
are obtained for the latter model and used as new 
weights for the mean model. At convergence, the 2 
models give variance components estimates (VCE) ˆ ,σa
2  
ˆ ,σp
2  ˆ ,σav
2  and ˆ ,σpv
2  as well as EBV aˆ and ˆ .av  
The following fixed effects were considered: herd-
testday (htd), year-season of calving (ys), age at 
calving (AgeC), and DIM. Four seasons were defined: 
January to March, April to June, July to September, 
and October to December. Adjacent herd-testdays were 
merged to ensure at least 20 observations within each 
htd class, using the algorithm by Crump et al. (1997), 
which resulted in 21,570 htd (Table 1).
Fixed effects included in the mean model were htd, 
ys, AgeC, (AgeC)2, (AgeC)3, DIM, exp(−0.05 × DIM), 
where the modeling of DIM follows Wilmink (1987). 
Fixed effects included in the residual variance model 
were herd, ys, AgeC, (AgeC)2, DIM, and (DIM)2. Dif-
ferent fixed effects in the mean and residual variance 
model were chosen to ensure computational feasibility 
and at the same time capture the most important ef-
fects. Here, the modeling of DIM in the residual vari-
ance model follows Jaffrezic et al. (2000), which was 
important because of expected differences in residual 
variance along the lactation curve, especially as differ-
ences between sires’ daughter group averages for DIM 
could be expected. A fixed regression test-day model 
for the mean was applied, but a DHGLM including 
random regression could easily be specified. Such 
modeling would require careful consideration about 
the order of the random regression polynomial func-
tion for the permanent environment effect, because re-
sidual heterogeneity could be absorbed by the random 
regression permanent environment effect; for example, 
as reported by Ødegård et al. (2003). This approach 
of accommodating for residual heterogeneity over the 
course of lactation appears to be expensive, in the sense 
that increasing the polynomial for the permanent envi-
ronmental effect from 3 to 4 implies that 4 additional 
covariance components need to be estimated and a 
large number of BLUPs. Applying a DHGLM and a 
second-order fixed polynomial as in the present study 
requires estimation of only 2 additional regression coef-
Figure 2. Illustration of the trait measured for EBV for environ-
mental sensitivity (vEBV) in SCS. A cow with high vEBV will have a 
large variation in measurements around the fitted mean curve (gray). 
The figure shows observed values for 2 example cows that were found 
to have high and low vEBV in the subsequent analysis.
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ficients in the variance model, and moreover, allows for 
other sources of heterogeneity to be modeled.
The estimation procedure was implemented in 
ASReml (Gilmour et al., 2009) and convergence was 
assessed after 20 iterations. The variance component 
estimates changed by less than 10−3 between the last 
ASReml runs, and changes in variance components be-
tween runs were much smaller than the standard errors 
on the variance components. The estimation took 7 d 
per trait on a Linux server.
Two additional analyses were performed to assess the 
sensitivity of model specifications. The values of SCS 
were not perfectly normally distributed (Figure 1; 
skewness 0.89, kurtosis 0.87), which might affect the 
variance component estimates (Yang et al., 2011); 
therefore, Box-Cox transformed [(yλ − 1)/λ] SCC were 
used as response in an additional analysis. The sensitiv-
ity of specified fixed effects was also analyzed. Here, the 
potential bias in σˆav
2  for misspecification of fixed effects 
was investigated by deleting herd effect from the re-
sidual variance part of the model in an additional 
analysis on both traits.
RESULTS
Estimates for Milk Yield and SCS
The VCE for milk yield were ˆ . ,σa
2 8 78=  ˆ . ,σp
2 12 40=  
ˆ . ,σav
2 0 049=  and ˆ . ,σpv
2 0 37=  with small standard errors 
reported by ASReml. The ratio of estimates to stan-
dard errors was greater than 12 for all variance compo-
nents, indicating accurate parameter estimates (Table 
2). The average fitted residual variance was 9.4, and as 
a reference, estimated residual variance from a linear 
mixed model (with constant residual variance) was 
10.5, and the variance components for the genetic and 
permanent environmental effects were ˆ .σa
2 8 2=  and 
ˆ . .σp
2 11 9=  The VCE for SCS were ˆ . ,σa
2 0 28=  ˆ . ,σp
2 1 03=  
ˆ . ,σav
2 0 046=  and ˆ . .σpv
2 0 61=  The average fitted residual 
variance was 1.16, and as a reference, estimated residu-
al variance from a linear mixed model was 1.35 and 
with variance component estimates ˆ .σa
2 0 27=  and 
ˆ . .σp
2 0 96=  
Further Interpretation of Estimates
For milk yield, the estimate of the genetic variance in 
the residual variance was ˆ . ,σav
2 0 049=  which gives a 
standard deviation of ˆ . .σav = 0 22  Hence, increasing the 
average vEBV av( ) by 1 σˆav  increases the residual vari-
ance by around 20%, because the model for the 
residual variance is multiplicative and 
exp( . ) . exp( ).a av v+ = ⋅0 22 1 2  Similarly, decreasing 
vEBV by 1 σˆav  would decrease the residual variance by 
20%. Decreasing vEBV for SCS with 1 SD would also 
decrease the residual variance by around 20% for that 
trait.
When looking at the EBV and vEBV for the 100 sires 
having daughter groups with the most records, we ob-
served a clear relationship between EBV and daughter 
group means, and between the vEBV and the daughter 
group averages of within-cow variances, as expected, 
for both traits (Figures 3 and 4). The latter relation-
ship is expected because a sire having high vEBV will 
tend to have daughters with a large variation of trait 
values within a lactation (as illustrated in Figure 2).
Although we did not fit a correlation between the 
breeding values a and av, a strong positive product–mo-
ment correlation between the EBV and vEBV of all 762 
sires having daughter records was found for both traits 
(0.60 and 0.38; Table 3). Hence, the residual variance 
tends to increase with increased EBV, for both traits. 
The between-trait correlations were also positive with 
product–moment correlation values between breeding 
values between 0.10 and 0.28 (Table 3). A similar pat-
tern in correlations between EBV and vEBV were also 
found using Calo-type genetic correlations (Calo et al., 
1973), which accounts for differences in reliabilities be-
tween breeding values (Table 3, lower diagonal values).
Table 2. Estimated parameters for milk yield and SCS in the exponential heterogeneity model (SE in 
parentheses) 
Item
Variance 
components1
Milk  
yield SCS
Mean model σa
2 8.78 (0.21) 0.28 (0.011)
 σp
2 12.40 (0.14) 1.03 (0.0085)
Residual variance model σav
2 0.049 (0.0034) 0.046 (0.0038)
 σpv
2 0.37 (0.0031) 0.61 (0.0040)
1σa
2 = variance for the additive genetic effects; σp
2 = variance for the permanent environmental effects; σav
2  = 
variance for the additive genetic effects in the model for the residual variance; σpv
2  = variance for the permanent 
environmental effects in the model for the residual variance.
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The reliability for EBV of sires increased with in-
creasing number of records of the daughter groups per 
sire, which is also the case for vEBV although these 
reliabilities are smaller (Figures 5 and 6), because they 
are more difficult to estimate than the ordinary EBV 
basically because variances are harder to estimate than 
means, typically requiring 5 times as many observa-
tions to achieve comparable precision (cf. “Tukey’s rule 
of 5” in Lee and Nelder, 2006). The reliabilities were 
obtained from prediction error variances and were not 
corrected for inbreeding.
The estimated fixed effects of DIM on the residual 
variance were large, with substantially higher variance 
in the beginning and the end of the lactation period, for 
both milk yield and SCS (Figure 7). For milk yield, the 
residual variance was around 5 times greater at the end 
Figure 3. Estimated breeding values and EBV for environmen-
tal sensitivity (vEBV) for milk yield plotted against daughter group 
means and daughter group averages of within-cow variances, respec-
tively, for the 100 sires having the largest daughter groups.
Figure 4. Estimated breeding values and EBV for environmental 
sensitivity (vEBV) for SCS plotted against daughter group means and 
daughter group averages of within-cow variances, respectively, for the 
100 sires having the largest daughter groups.
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compared with the middle of the lactation period. The 
effect of age at calving was quite small with less than 
20% change between extremes.
Sensitivity Analysis and Model Assessment
Applying Box-Cox transformation to the original 
SCC, the estimate of the genetic variance in the resid-
ual variance was ˆ . ,σav
2 0 043=  which is close to the 
original estimate. We therefore concluded that the esti-
mate was not sensitive to the slight skewness of SCS 
and a possible need for further transformation. The 
estimated Box-Cox transformation parameter was 
ˆ .λ = −0 3 (SE = 0.001, i.e., significantly ≠ 0, where λ = 
0 would correspond to the log-transformation used to 
calculate the SCS).
The estimates were, however, sensitive to exclusion of 
herd effects in the residual variance part of the model, 
producing substantially higher values of ˆ .σav
2  For SCS, 
these estimates were ˆ . ,σa
2 0 28=  ˆ . ,σp
2 1 02=  ˆ . ,σav
2 0 20=  
and ˆ . ,σpv
2 0 58=  and for milk yield were ˆ . ,σa
2 8 79=  
ˆ . ,σp
2 12 42=  ˆ . ,σav
2 0 27=  and ˆ . .σpv
2 0 30=  
DISCUSSION
In this study, we showed that fitting a model for ge-
netic heterogeneity is possible for large dairy data sets 
using standard VCE software. The estimated values of 
the standard deviation for vEBV for milk yield and 
SCS was around 0.2 ˆ . .σav ≈( )0 20  Hence, a 1-unit SD 
change in vEBV would cause a 20% change in the re-
sidual variance, which is a substantial amount. It should 
also be noted that considerable residual variation is 
explained by the fixed effects in the residual variance 
model (Figure 7). Furthermore, individual cows show 
different levels of (nonheritable) variation in pheno-
typic values around the lactation curve, because the 
estimates of σpv
2  were large and significantly different 
from zero (Table 2).
The vEBV captures the inherited variation of the 
phenotypic values around the fitted mean curve within 
a lactation (Figure 2), which causes differences between 
sires for daughter group variances. The difference in 
daughter group variances as observed by Van Vleck 
(1968) and Clay et al. (1979) might be caused by segre-
Table 3. Correlations between EBV and EBV for environmental 
sensitivity (vEBV) for milk yield (MY) and SCS for sires, with Pearson 
product–moment correlations given above the diagonal and Calo-type 
genetic correlations given below the diagonal 
Item
MY SCS
EBV vEBV EBV vEBV
MY
 EBV  0.598 0.096 0.202
 vEBV 0.737  0.215 0.280
SCS
 EBV 0.109 0.274  0.380
 vEBV 0.261 0.403 0.508  
Figure 5. Reliabilities for EBV (×) and EBV for environmental 
sensitivity (vEBV; ) for milk yield in relation to number of records 
per sire.
Figure 6. Reliabilities for EBV (×) and EBV for environmental 
sensitivity (vEBV; ) for SCS in relation to number of records per sire.
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gation of major genes controlling the trait and selection 
for reduced vEBV might favor sires homozygous for 
such a major gene. This scenario is not very likely, how-
ever, because not many major genes affecting SCS and 
milk yield have been found and, as illustrated by Figure 
2, selection for reduced vEBV aims at decreasing the 
variation of phenotypic values around the fitted mean 
curve of a cow and should not directly affect segregat-
ing major genes (i.e., genes having a major effect on 
the mean). Segregating major genes would cause large 
differences of lactation means within some daughter 
groups, whereas a reduction of vEBV would merely 
reduce the variation around individual lactation curves.
Because the vEBV capture inherited variation around 
the fitted mean curve, they may also be affected by 
genetic variation in persistency. It would be of inter-
est, therefore, to study how a model including random 
regression for DIM in the mean part would influence 
the vEBV, and vice versa. This is not within the scope 
of the current study but investigation in this area is 
proposed for future applications.
Modeling
The method of interlinked generalized linear mod-
els to fit DHGLM assumes modeling of the residual 
Figure 7. Multiplicative fixed effects of age at calving (d) and DIM on the residual variance for the traits milk yield and SCS.
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variance using a log-link function that ensures positive 
values of the predicted residual variance (i.e., the expo-
nential model in Hill and Mulder, 2010). The estimated 
fixed and random effects in the residual variance part 
of the model are therefore multiplicative, and the rela-
tive effect on the residual variance does not depend on 
the magnitude of the average residual variance. Hence, 
relative effects can easily be compared between traits 
and species.
The model fitted in this study did not include a cor-
relation between the random animal effects in the mean 
and residual variance parts of the model, which is a 
parameter of interest (see e.g., Sorensen and Waage-
peterson, 2003), because a positive correlation, for in-
stance, would imply that selection on high EBV would 
also give high vEBV and thereby increase the residual 
variance. However, we did find positive sample correla-
tions between EBV and vEBV (Table 3), which might 
be interpreted as a scale effect that could be removed 
by transformation of the phenotypic values. Scale ef-
fects would occur when the variance increases with the 
mean; that is, the coefficient of variation is rather con-
stant. Yang et al. (2011) pointed out that estimates in 
a genetic heterogeneity model will be sensitive to 
model assumptions of normally distributed residuals. A 
remedy could be to fit a Box-Cox parameter together 
with all other parameters in the model. Yang et al. 
(2011) showed that this Box-Cox transformation sub-
stantially affected the genetic correlation between EBV 
and vEBV. A true genetic correlation between EBV 
and vEBV would generate a small amount of skewness 
in the data, when all other effects are normally distrib-
uted (Mulder et al., 2007). Therefore, in real data, the 
question is whether the skewness is truly due to a cor-
relation between EBV and vEBV or due to a scale ef-
fect. We found that even though the distribution of 
SCS was slightly skewed, this had very little effect on 
σˆav
2  and conclude that it is not very likely that the mod-
erate correlation between EBV and vEBV for SCS 
could be explained by a pure scale effect and that there 
is no need for further transformation of the data.
The sensitivity analysis, in which herd effects were 
left out from the residual variance model, showed that 
careful modeling of fixed and random effects for residu-
al variance is important to obtain unbiased estimates of 
variance components. Leaving out herd effects from the 
residual variance part of the model resulted in a 5-fold 
increase in ˆ .σav
2  Heterogeneity of variance among herds 
is very common in dairy cattle (e.g., Brotherstone and 
Hill, 1986; Weigel and Gianola, 1993; Meuwissen et al., 
1996). The suggested DHGLM can be nicely used to 
account for heterogeneity of residual variance among 
herds or other environmental effects.
The variance component estimates for the mean part 
of the model i.e.,  and ˆ ˆσ σa p
2 2( ) were slightly greater un-
der the DHGLM compared with a homoscedastic linear 
mixed model for both SCS and milk yield. In Rön-
negård et al. (2010), the VCE for the mean part of the 
model were slightly lower under a DHGLM for pig litter 
size compared with a homoscedastic model. The differ-
ences were quite small and we could not conclude in 
which direction heteroscedasticity affects variance com-
ponent estimates in general.
Possibilities for Genetic Improvement
The estimated values of the standard deviation for 
vEBV for milk yield and SCS ˆ .σav ≈( )0 20  were in the 
lower range of previous estimates in other species re-
ported by Hill and Mulder (2010; “genetic coefficient of 
variation”), but suggest that the genetic variance in 
residual variance is large relative to the residual vari-
ance itself, indicating that residual variance could be 
changed by selection. The Mulder-Hill heritability for 
the residual variance (i.e., the regression of av on 
squared phenotype values; Mulder et al., 2007) was 
around 0.005 for both traits, which is low compared 
with previous estimates in other species (Hill and Mul-
der, 2010). This value shows that high numbers of re-
cords per sire are required to obtain accurate vEBV to 
achieve substantial genetic response in residual variance 
(Mulder et al., 2007), which is also evident from the 
reliabilities of vEBV (Figures 5 and 6).
Based on the genetic variance in residual variance 
and when having large amounts of records per sire, it 
seems possible to select for reduced residual variance. 
Mulder et al. (2008) argued that selection for vEBV 
is only relevant if the profit function is nonlinear. 
Reported profit functions for milk yield are typically 
linear, suggesting that selection on vEBV may not have 
priority, but this ignores the fact that uniformity of 
production and product quality has a value of its own. 
For example, less variation between the highest- and 
lowest-producing cow in a herd will ease adapting diet 
composition to production level. In addition, low resid-
ual heterogeneity indicates that cows are less sensitive 
to small disturbances in the production environment, 
and is as such a measure of uniformity. In summary, it 
appears to be beneficial to reduce the residual hetero-
geneity for milk yield by breeding and selection, but an 
estimate of the economic value of vEBV is needed to 
properly weight this trait in the breeding goal. Deriving 
economic values for vEBV may need bio-economic mod-
eling (e.g., Groen, 1988) rather than profit equations, 
which might be too simplified. Assuming that economic 
value of vEBV is negative (i.e., favoring uniformity), it 
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may be difficult to reduce residual variance or vEBV 
because of the unfavorable positive correlation between 
EBV and vEBV for milk yield (Table 3).
For SCS, the positive product–moment correlation 
(calculated indirectly from the EBV and vEBV) is fa-
vorable, because selection would aim to reduce both the 
level and variation of SCS. Selection for reduced vEBV 
is motivated by its relation with incidence of clinical 
and subclinical mastitis; Urioste et al. (2012) reported 
genetic correlations between the raw SD (a proxy of 
vEBV) and clinical and subclinical mastitis of 0.8 and 
0.9, respectively, for the same population. Selection for 
EBV of SCS has an economic value in its own right be-
cause payment systems for milk often include a penalty 
for bulk tank SCS that are too high (e.g., Veerkamp et 
al., 1998). In addition, there are some concerns that the 
base level of SCC should not be reduced (Shook and 
Schutz, 1994; De Haas, 2003). This could be translated 
to mean that SCC levels are ideally between a lower 
and an upper bound (i.e., an optimum range). Based 
on this principle of an optimum range between a lower 
and upper bound, economic values were derived for the 
EBV for mean SCS and for vEBV using the equations 
for differential profit with thresholds given in Mulder et 
al. (2008). For simplicity, the lower bound for SCC was 
assumed to be 40 and the economic values for EBV and 
vEBV as a function of the upper bound for SCC were 
calculated (Figure 8) for the studied Swedish Holstein 
population. This reflects different price penalty systems 
in which the penalty depends on the upper threshold 
applied. Figure 8 shows that the economic value for 
vEBV is substantially higher, in absolute terms, than 
that for the EBV when the upper threshold is >350. 
Here, selection for lower variance of SCS is more im-
portant than decreasing the mean of SCS, because the 
current population mean is already within the desired 
optimum range. The economic value of EBV is, how-
ever, quite sensitive to the thresholds and the popula-
tion mean.
Future Developments
Model selection tools and more formal testing of VCE 
than Wald-type of tests using standard errors should 
be developed, which is possible using Lee and Nelder’s 
h-likelihood framework for DHGLM (Lee and Nelder, 
1996; Lee et al., 2006). Such tools would facilitate the 
possibility for selection between models including both 
random regression for DIM in the mean model and ge-
netic heterogeneity in the residual variance. Developing 
a model including multiple traits should be theoretically 
straightforward but might be computationally challeng-
ing. The model applied in our current study does not 
include a parameter of the correlation between random 
effects in the mean and residual variance parts of the 
model. Such an extension should also be possible using 
the h-likelihood and would give further insight to the 
analysis of EBV and vEBV. Furthermore, detection of 
loci affecting the variance (see Rönnegård and Valdar, 
2012) would substantially improve our understanding 
of vEBV for SCS and milk yield. A study investigating 
the relationship between vEBV for SCS and clinical 
mastitis would also give insights for using EBV and 
vEBV for SCS to select against mastitis.
CONCLUSIONS
We estimated EBV and vEBV of milk yield and SCS 
in the Swedish Holstein population based on data from 
2002 to 2009. The study shows that this is possible 
using standard VCE software (e.g., ASReml). A change 
in vEBV of 1 genetic SD for one of these traits would 
alter the residual variance by 20% in the Swedish Hol-
stein population. Hence, the residual variance could be 
changed by selection in dairy cattle for traits such as 
milk yield and SCS, but estimates of both EBV and 
vEBV requires large data sets. Furthermore, an inves-
tigation of economic value showed that vEBV can be 
more important than EBV to consider when selecting 
for a trait within an optimum range in Holstein.
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